Abstract. This paper presents a software package that allows chemists to analyze spectroscopy data using innovative machine learning (ML) techniques. The package, designed for use in conjunction with lab-based spectroscopic instruments, includes features to encourage its adoption by analytical chemists, such as having an intuitive graphical user interface with a step-by-step 'wizard' for building new ML models, supporting standard file types and data preprocessing, and incorporating well-known standard chemometric analysis techniques as well as new ML techniques for analysis of spectra, so that users can compare their performance. The ML techniques that were developed for this application have been designed based on considerations of the defining characteristics of this problem domain, and combine high accuracy with visualization, so that users are provided with some insight into the basis for classification decisions.
Introduction
This work has been motivated by the need for more accurate analysis of spectroscopic data from mixtures of materials. Raman spectroscopy has been chosen as the specific target for this work, though the techniques developed are equally applicable to other forms of molecular spectroscopy.
Molecular spectroscopic techniques such as infra-red (IR), near infra-red (NIR), and Raman spectroscopy are widely used in analytical chemistry to characterise the molecular structure of materials, by measuring the radiant energy absorbed or scattered in response to excitation by an external light source [1] . When monochromatic light illuminates a material, a very small fraction is inelastically scattered at different wavelengths to the incident light; this is Raman scattering, and is due to the interaction of the light with the vibrational and rotational motions of the molecules. Thus, the Raman spectrum can be used as a molecular fingerprint. Ferraro et al. [2] provide an overview of Raman spectroscopy. At the outset of this work, consideration was given to the key defining characteristics of this problem domain, which would inform the development of ML algorithms and associated software, as listed below.
The dimensionality of the data is high, with typically 500-2000 data points per sample and the data is easily obtained. However, carefully-curated training samples are typically more difficult and expensive to obtain, so often one may have fewer than 100 samples available for training/calibration, particularly if the samples are mixtures of materials. A substance may give rise to multiple peaks along a spectrum, with local correlations in the data along the spectrum. Thus, it is best to avoid assuming that data points are independent attributes. In a mixture, peaks from the component substances may overlap or mask each other. Some materials fluoresce under the external illumination, resulting in a baseline that grows steadily along the spectrum rather than being level.
The intensity (Y-axis) is arbitrary, depending on equipment and experimental settings, so some form of normalisation may be necessary.
There may be noise in the signal due to instrumentation, external interference, or inaccuracies in the recorded composition of materials.
Some of these may be observed in Figure 1 , which shows the Raman spectra of three pure substances: caffeine, glucose and cocaine. Previous publications have described some of the specific ML techniques that have been developed for this work [4, 5, 6, 7] . This paper focuses on the system's architecture and design, paying attention to features that facilitate its use by the
